• The Weibull distribution was solved successfully from assortment volumes using optimization.
In this study, we examined a theoretical modelling approach formulated for solving the diameter distribution from assortment volumes. We applied a truncated 2-parameter Weibull distribution, to include only the merchantable dimensions into the model. The truncated Weibull distribution had been applied before, but the truncation had been connected to the minimum diameter at breast height (dbh) of each tree included in the measured sample (Merganič and Sterba 2006; Palahi et al. 2007) .
The aim of this study was to show that the truncated 2-parameter Weibull distribution can be solved using optimization for the purpose of achieving reliable species-specific assortment volumes for clear-cut stands. Thus, hypothetically, we assumed that the available empirical diameter distributions of the clear-cut stands follow the theoretical Weibull distribution. In the second step, we tested the formulated modelling approach for practice. Applying data from timber trade contracts meant that due to visual assessment, the accuracy and usability of the input data was questionable. Nevertheless, we believe that the solution for the Weibull distribution can be found. However, the reliability with this timber trade data set was twofold. First, the solved distribution should achieve satisfactory accuracy against the input assortment volume. Second, to provide practical help for the bucking optimization, the solved distribution should be similar to the real, harvestable distributions. For these two reasons, we performed sensitivity analysis for the unknown saw log reduction. We were interested in what would be the effect of the saw log reduction on the accuracy in timber assortments as well as the effect on the goodness-of-fit of the diameter distributions against the harvest distributions.
Materials and methods
The general workflow for testing the optimization for solving the Weibull distribution was as follows. A theoretical model was first formulated and tested against the data that was already available from previous study for stand structure (Siipilehto et al. 2016) . From the harvester's STM data, accurate assortment volumes were calculated to be used as the input values for the optimization task. The optimization procedure searched for the parameters of a truncated 2-parameter Weibull function by minimizing the error in the assortment volume. After evaluating the method with the accurate input data, we made trials for solving the diameter distributions in a similar manner but using a practical test data set. The test data set was based on timber trade contracts for clear-cut sections. Finally, we evaluated how well the solved distributions matched against real harvested distributions and what are the reasons behind the possible lack of fit.
Modelling and test data sets

STM data set for the modelling approach
The material for the modelling approach comprised 7 stands from southern Finland. The site types were grove-like (OMT), fresh (MT) or dryish (VT) type (the forest site type classification according to Cajander (1925) ). Stands were forests dominated by mainly Scots pine (Pinus sylvestris L.) but also occasionally Norway spruce (Picea abies (L.) Karst.) and were approximately 90 to 120 years of age. The stands also included a small birch admixture (Betula pendula Roth or B. pubescens Ehrh.). The stands were clear-cut during the autumn of 2014. While processing, tree taper data for all harvested trees was registered in the STM-format. Thus, the tree diameter is registered to an accuracy of 1 mm for every 10 cm from the height of 1.3 m from the ground to the final cutting point (Arlinger et al. 2012) . Species-specific functions by Laasasenaho (1982) were applied for diameters and cubing of the first 1.2 metres (including stump), which the harvester does not register. For the estimation of the total tree height, the missing top of a tree was estimated using the models by Varjo (1995) .
In the model formulation, we ignored the variation in the stem form between individual trees. To ignore the errors related to stem-form, the tree volume and taper curve were predicted from the tree species, dbh and height using the models by Laasasenaho (1982) . For bucking and calculating the assortment volumes, we needed the minimum diameters. The used species-specific minimum top diameter for pulpwood was 6 cm for pine and birch and 7 cm for spruce. For the top saw logs, the default minimum top diameters were 15 cm for pine, 16 cm for spruce and 20 cm for birch. The allowable pulpwood lengths were between 2.0 and 5.5 m, and the lengths of the saw logs were fixed at every 30 cm between 4.3 and 6.1 m. The assortment volumes and the speciesspecific stand characteristics, including N, G, DG and Lorey's height HG, were calculated from the harvester data, including the imputation for the total tree height (Table 1) . For a more detailed description of the data, see Siipilehto et al. (2016) .
Timber trade contracts for practical applications
In timber trade contracts, the data for the assortment volumes are not necessarily available for each forest stand to be harvested. Instead, the information is given for the working site sections, N denotes the number of stems, G is the basal area, DG is the basal area-weighted mean diameter, HG is Lorey's height, Logs is the saw log volume, Pulp is the pulpwood volume, and Size is the average stem size of merchantable wood.
which could consist of one stand, but in some cases, the data are aggregated from several stands. For the practical application of the constructed models, we selected randomly 41 contracts of clear-cut sections, which were obtained from Metsä Group. Each contract included information on a clear-cut area, which was 3.1 ha on average (0.3-13.5 ha). Additionally, information on the assortment volumes and the average merchantable stem size by tree species were included. In wood purchasing, the average merchantable stem size is not always the section level arithmetic mean because the possible high number of small dimension pulpwood stems may not be totally taken into account. This is mainly because the focus in pricing is in the more valuable log size stems instead of describing the whole diameter distribution. The quantities of the clear cut sections were based on visual assessment performed by forestry experts. The accuracy of the visual assessed stand characteristics has been previously found to be questionable (Poso 1983; Laasasenaho and Päivinen 1986; Kangas et al. 2004; Holopainen et al. 2010) . When the harvested section consists of several stands, the unreliability of the quantities can increase. Table 2 shows the average pulpwood, saw log and stem number characteristics by tree species for the clear-cut sections. The numbers of cut trees according to timber trade contracts were calculated from the visually assessed average merchantable stem sizes using Eq. 4. The mean of the average merchantable stem size according to contracts was 507, 491 and 291 litres for pine, spruce and birch, respectively. In this data set, the actual number of cut trees and the volume characteristics were based on the harvester STM data (actual stem taper). The mean and the standard deviation of the assessed timber trade quantity and the corresponding harvested quantity and the difference (bias) between them are given in Table 2 . The timber trade data set was used to test if the optimization could find a solution when the method was applied for less accurate practical data of clear-cut sections. Additionally, we tested how the inaccuracy in the input data influenced the goodness-of-fit of the optimized distribution compared with the harvested distribution. The saw log reduction factors were not given in the contract data. First, we optimized the distribution without the saw log reduction. The difficulty here was to apply tree-specific reduction models as an average of the stand-level reduction percentage. Therefore, we had to apply the average reduction percentages for tree species for southern Finland. Table 2 . Assortment volume (m 3 ) estimates and the number (N) of cut trees for the clear-cut sections based on the 41 timber trade contracts and the actual harvested characteristic by tree species. The estimated number of cut trees was given by dividing the sum of the pulpwood and the saw logs for the contracts, with the average stem size given in m 3 . The average difference (contract -harvested) and the standard deviations between these characteristics are given in the last 3 lines. Redsven et al. (2005) in addition to the original report for the models in MELA96 (Siitonen et al. 1996) and in MELA05 (Mehtätalo 2002 ).
Applying the truncated Weibull distribution
The density function of the truncated 2-parameter Weibull has the following form (e.g., Merganič and Sterba 2006) :
1 in which T is the truncation point for the random variable dbh, b is the scale parameter (T < b), and c is the shape parameter. The cumulative truncation function is thus:
On the other hand, the random variable dbh, which corresponds to a certain probability, is obtained by (Merganič and Sterba 2006) as follows:
If we generate model-based trees, they are sampled by randomizing the percentile (P) using the uniform 0-1 distribution. The tree diameter is then given by Eq. 3, replacing F T (dbh) by the selected P (Merganič and Sterba 2006) .
The volume of a tree depends on the tree dbh and tree height (h). The pulpwood volume of a tree is marked by v p (dbh, h) , and the saw log volume of a tree by v s (dbh, h) , while the corresponding cumulative volumes are denoted by V p and V s . When the average stem size (A ss ) of the cut trees is known, the number of cut trees can be estimated. Then, the number of merchantable cut trees N ct is given by the following:
For estimating the unknown parameters b and c, we wrote the system of two equations for the cumulative pulpwood and saw log volumes, V p (T,b,c) and V s (T,b,c), as follows:
The truncation point T is species-specific, and it was derived from the minimum top diameter of the pulpwood. The truncation point for the dbh distribution is given by T = minimum top diameter + 0.5 (an approximate estimate for the breast height). The random variable (dbh) from the Weibull distribution does not have a theoretical maximum. Thus, we selected 70 cm as a maximum value for the numerical integration. This choice was also far beyond the usable saw log dimension for a typical sawmill. Due to high maximum dbh in the numerical integration, we were able to minimize the error in the right-hand tail of the distribution. Otherwise, (e.g., using volume tables with the maximum dbh of 50 cm), a penalty function (e.g., Pukkala et al. 2010) for the right-hand tail of the distribution would be needed for that case, when the cumulative Weibull had not reached a probability close to 1.
For calculating the tree volume, we needed to predict the tree height. Optional height models included Korf or Näslund's function (Lappi 1991; Lappi 1997; Siipilehto 1999; Mehtätalo 2004; Mehtätalo 2005; Eerikäinen 2009 ). Mehtätalo et al. (2015) showed that Näslund's height curve was one of the best alternatives among 16 tested options. In our case, the tree height (h) was estimated with Näslund's (1936) height curve as a function of the tree's dbh and the predicted height curve parameters b 0 and b 1 as follows:
The power p was 2 for Scots pine and broadleaved species and 3 for Norway spruce (Petterson 1995; Siipilehto and Kangas 2015) . The parameters b 0 and b 1 were predicted from the assortment volumes using models by Siipilehto and Kangas (2015) , which are also given in English in the Supplementary file S1, available at https://doi.org/10.14214/sf.10062. Mehtätalo et al. (2007) recovered the Weibull distribution from the total volume of the stand and other ALS-based stand characteristics, such as the number of stems, the basal area-median dbh and the height of the basal area median tree. Unlike Mehtätalo et al. (2007), we did not use recovery because the known assortment volumes are not necessarily generated from the Weibull distribution, and thus, the problem might not be solvable. The applied approach means that instead of finding the roots for Eq. 5 and Eq. 6, we assume that the known assortment volumes can be given accurately enough, when searching for the optimal solution for the parameters b and c. We searched for the solution by minimizing the squared difference between the known and predicted volumes of the pulpwood and saw logs. Because the predicted volumes are calculated from the truncated Weibull distribution, they are marked by V p (T, b, c) for the pulpwood and V s (T, b, c) for the saw logs. Thus, the minimized problem is as follows:
Optimization
The downhill simplex method (also known as the Nelder-Mead method or amoeba method) was used for optimization. The method was originally presented by Nelder and Mead (1965) . In our case, we applied a grid search for the relevant starting values for the Weibull parameters b and c. The starting values were chosen from among the combinations of the following: b = 8, 9,…, 45 and c = 1, 1.1, 1.2,…, 9.5. The applied starting values for the optimization were the pair of b and c that minimized the formulation (8). The simplex method is derivative-free (Press et al. 1992 ). This method operates with several solution vectors (here, sets of parameters), which are combined to form a new solution vector. The set of other starting points was generated by surrounding the aforementioned "rough" solution by c ± 0.7 and b ± 1.5. If the new solution is good, it replaces one of the earlier solutions. When repeating the process of generating new trial solutions and replacing old ones, the average quality of the solutions gradually improves. The solution of the optimization problem is the best solution vector by the end of the last iteration (see Pukkala et al. 2010, p. 4) . The convergence criterion was set to 0.0001, and the maximum number of iterations was set to 1000. For a more detailed description, see simulated annealing optimization over continuous spaces by Press et al. (1992) .
Validation
The applied method was validated in terms of the bias and standard deviation of the errors in the known assortment volumes, as well as in the common stand characteristics. The solved distributions were also validated visually by comparing the figures of the solved distributions to the observed diameter distributions from the harvester data. In addition to the visual validation, the KolmogorovSmirnov (KS) goodness-of-fit test was used. Due to having a small data set, KS tests were made at an alpha 0.1 significance level. The KS test result was also given as the Kolmogorov-Smirnovquotient (KS-q). KS-q is the actual KS value divided by the limit KS value (Tham 1988) . KS-q was practical because it showed directly if the distribution passed the KS test (KS-q < 1) or rejected it (KS-q > 1). In this data set, the assessed pre-harvest volume characteristics were not available, but instead, we studied the optimization according to accurate volume characteristics, to evaluate the potential fit of the truncated Weibull distribution.
In the second test, the method was applied in practice. The input characteristics were taken from timber trade contracts. We were interested in the following: if the distribution could be solved in a case in which there is inaccuracy in the input volume characteristics. Inaccuracy is due to visual assessment of the assortment volumes and the average stem size. In addition, we studied how well the solved distribution provided the input assortment characteristics. Finally, we compared these optimized distributions to the harvester data. In addition to the KS test, we also calculated the Error Index (EI) by Reynolds et al. (1988) . The smaller the KS and EI test value, the better the goodness-of-fit. We also attempted to determine what was the reason behind the possible lack-offit between optimized and real harvested distributions.
When the distribution is solved from timber assortments, the saw log volume must represent saw log dimensions without any saw log reduction factors (e.g., based on bad quality). If the saw log reductions are used, then the reduction percentages must be known to recover the purely dimension-based fraction volumes. This relationship is important because the reductions could be very high, at least for pine and birch in Finland (see Malinen et al. 2007 ). Because we did not have knowledge of the possible saw log reduction made for the assortment volumes, we applied four options, one without saw log reduction and three average saw log reductions, namely, "MELA96", "MELA05" and "Bucking simulator", as taken from Malinen et al. (2007) .
Results
Testing the method with the accurate harvester data
When the modelling approach was tested with the accurate input data, the results were satisfactory in general. Especially the precision of the saw log volume was exceptional. The saw log volume was underestimated by only 0.06% (Table 3) . Finally, there were only two cases out of 21 distributions (7 stands) in which the error in the saw log volume exceeded 1 m 3 ha -1 (Table 3 ). The pulpwood volume was overestimated by 2%. In total, there were two cases where the error in the pulpwood volume exceeded 2 m 3 ha -1 (Table 3) .
The stand characteristics that were calculated from the optimized distributions had some bias. The highest biases were found in the mean height (underestimation of 6.4%). The underestimation in the mean height concerned mainly spruce (7%) and birch (10%), while the mean height for pine was only 2% biased. The second highest bias was a 4.6% overestimation in the basal area, which was caused mainly by the spruce cohort. The predicted mean diameter was only slightly biased, namely, 2.8% (Table 2 ). Due to the available accurate input data, the number of stems was given correctly from the average stem size.
The optimized distributions are shown against the observed (harvested) distributions in Fig. 1 . In some cases, the optimized distribution for pine showed excess kurtosis compared with the observed distributions (see stands 1, 3, and 7 in Fig. 1 ). Conversely, in stand no. 2, the optimized distribution for pine was flat and wide compared with the observed distribution. The decreasing or strongly right-skewed distributions for spruce and birch were detected quite nicely with the optimized Weibull distributions. Some of the empirical distributions had bimodal features, especially the distribution for spruce in stand no. 5. The excellent fit in such a case is unrealistic when using a unimodal theoretical distribution function. The observed distribution for spruce and especially for birch admixtures were typically fluctuating due to having a small number of observations.
The goodness-of-fit was tested between the model-based distribution and the harvested distribution using the Kolmogorov-Smirnov (KS) goodness-of-fit test. KS test results were generally good. In only two out of 21 distributions, namely, stand no. 1 and 3, the distribution for pine rejected the KS test (Table 4) . 
Testing the application with practical timber trade contracts
The timber trade data set was used to test the optimization solution when the presented method was applied for practical data of clear-cut sections. The optimization found a converged distribution for all input characteristics. The average number of iterations needed for the solution was 24. First, we analysed how well the optimized distribution could provide the given input assortment volumes. The accuracy in the assortment volume estimates were very much influenced by the saw log reduction. If no reduction was assumed, then the difference between the input and output was 30 m 3 (41%) in pulpwood volume and 1.53 m 3 (1.3%) in saw log volume (Table 5 ). The average best fit was found using MELA05 saw log reduction. However, the relative difference in the pulpwood volume was still 6%, while that of log wood was only 0.4% (Table 5 ). The pulpwood characteristics were the most inaccurate for spruce, showing a 43 m 3 (47%) underestimation (Table 5) . Simultaneously, for pine, the underestimation in pulpwood was 40 m 3 (45%) and for birch 6.7 m 3 (16%) without saw log reduction. Using MELA05 reduction, these underestimations were 7.9, 1.2 and 4.4 m 3 (8.6%, 1.4% and 10%) for spruce, pine and birch, respectively (Table 5 ). The saw log fraction could be considered to be accurate for each species and with and without saw log reduction (Table 5) . However, there were large differences in the volume characteristics between timber trade data and the real harvested data (Table 2 ). In the timber trade data, the total pulpwood was 10% underestimated, the log wood volume was 9% overestimated, and the harvested total stem number was 42% underestimated (Table 2) . Second, we compared the optimized distributions to the harvested distribution.
More than half of the optimized distributions rejected the KS test (KS-q > 1.0) against the harvested distributions, namely, 69 cases without saw log reduction and 65-67 cases when the reductions were used out of 121 cases (Table 6 ). The average KS-q was largely the same with or without optional saw log reductions, namely, 1.379-1.423 versus 1.390 (Table 6 ). The best average error index (EI) values were found with the same option as the best KS test results (Table 6 ). The best species-specific fit was found without saw log reduction for pine, using an 18% MELA05 reduction for spruce and a 41% "Bucking simulator reduction" for birch. Thus, for spruce and birch, the highest applied reduction percentages provided the best fit between the modelled and harvested dbh distributions. The distributions for pine fitted clearly better than those for spruce or birch. This was mainly due to high number of understorey, small dimension pulpwood stems, which were common for birch and spruce admixtures. Indeed, about 60% of the distributions for spruce admixtures and 70% for birch admixtures resembled decreasing or strongly right-skewed distribution. At best, 12 distributions out of 41 distributions (29%) for pine rejected the KS test, when no saw log reduction was used. Table 5 . The difference (m 3 for the clear-cut section) between the input assortment volumes from timber trade contracts and that of the output from the solved truncated Weibull distribution by tree species without saw log reduction and with the optional saw log reductions: MELA96, MELA05 and Bucking simulator We noticed that the error in the estimated number of trees (calculated as the merchantable volume/average merchantable stem size) correlated most strongly with the lack-of-fit of the KS statistics. The correlation coefficient (r) was 0.45-0.49 for pine, 0.74-0.75 for spruce and 0.88-0.99 for birch. The higher correlation was always found for the solution when saw log reduction was used. Practically, the better the estimated number of harvested trees, the better the distribution fit (compatibility). There were practically no correlations between the KS statistics and the error in the saw log volume for pine (r 0.01) and the non-significant correlation for spruce and birch (r 0.06-0.26). The error in the pulpwood was negatively but non-significantly correlated with KS statistics (r from -0.08 to -0.23).
Typically, the saw log reduction resulted in a slightly weakened goodness-of-fit against the actual dbh distributions for pine. This result was because the distributions fitted considerably well without saw log reduction. Saw log reduction shifted the distribution toward larger dimensions, resulting in increasing lack-of-fit. One such example is shown in Fig. 2 . In this case, the distribution without saw log reduction passed the KS test, but the distribution predicted with a 16% reduction barely rejected KS test (KS-q 1.07), and the last one which had a 24% reduction, was clearly rejected by the KS test (KS-q 1.76). In this example, the derived number of cut pines according to the timber trade was 1020, and the number of actual harvested pines was 930. On the other hand, Norway spruce usually benefited from the saw log reduction in terms of goodness-of-fit against the actual dbh distributions in our timber trade data set. At best, the improvement using an 18% saw log reduction for spruce was evident, as shown in Fig. 3 . In this example, the derived number of cut spruces according to the timber trade was 704, and the number of harvested spruces was 1102. Fig. 4 represents an example for birch, which also benefited from a high saw log reduction percentage. In this case, the timber trade-based number of birch (533) was an overestimation, while the harvested number of birches was 207. Table 6 . The average goodness-of-fit tests according to the Kolmogorov-Smirnov quotient (KS-q) by Tham (1988) and the Error Index (EI) by Reynolds et al. (1988) . Tests are given by tree species and total with the given saw log reduction option. The number of rejected cases (KS-q > 1) by tree species with the used saw log reduction percentage (slr%) in addition to the total number of rejected cases. The best results are shown in bold. The Kolmogorov-Smirnov quotient for the predicted distribution was 0.7719 without saw log reduction (solid line), 1.0738 using 16% MELA96 reduction (broken line) and 1.7620 using 24% MELA05 reduction (dotted line). Fig. 3 . Example of the harvested dbh distributions for Norway spruce in test data (solid grey line). The number of harvested trees (N) and assortment volumes for a clear-cut section of 2.7 ha for the contract/harvester data were: N 704/1102; pulpwood 100/74 m 3 ; saw logs 255/302 m 3 . The Kolmogorov-Smirnov quotient for the predicted distribution was 2.608 without saw log reduction (solid line), 1.577 using 6% Bucking simulator-reduction (broken line) and 0.6777 with 18% MELA05 reduction (dotted line). 
Discussion
The objective of the study was to assess the accuracy of a theoretical diameter distribution optimized for pulpwood and saw log volumes. The diameter-height structure of a clear-cut stand was solved to generate tree dimensions for, among other things, the harvester's bucking simulator. The need for the applied approach arose from the field. Indeed, forest companies need to know the structure of the stands marked for harvesting, to optimize the location and timing of the harvest operations, as well as the transportation and especially bucking, because in Finland, trees are cut to their final lengths already in the forest (Uusitalo 1997; Kivinen and Uusitalo 2002; Uusitalo et al. 2006; Malinen et al. 2007; Malinen et al. 2018) . For a bucking simulator, the diameter-height distribution must be predicted, and the generated model-based tree dimensions and taper curves are then provided as input data. The actual minimum lengths and diameters for merchantable logs must be known to divide the growing stock into assortments (pulpwood and saw logs).
When we look at the presented modelling approach, we can say that the method itself performed well. In this method, the number of cut trees was, at first, estimated from the known input variables, including the pulpwood and saw log volume, as well as the average merchantable stem size of the cut trees. In the next step, after predicting the height curve, the parameters of the truncated Weibull distribution were optimized by minimizing the errors in the known assortment volumes. In this solution, the number of cut trees of merchantable dimensions was fixed, and the modelled tree heights did not vary during each species-specific optimization search for the optimal shape of the dbh distribution for a clear-cut stand. Similarly, Mehtätalo et al. (2007) treated the number of stems as a fixed value when they recovered the Weibull distribution from the total volume among other ALS-based stand characteristics.
To obtain successful optimization, we had to take care of the relevant starting values. The applied downhill simplex method (Nelder and Mead 1965) was shown to be somewhat sensitive to the starting guess. When the relevant starting values were sought, as they were here, looking for the best pair of integers b (8 ≤ b ≤ 45) and c (1 ≤ c ≤ 9.5) and using steps of size 0.1, the final solution was quite easily found, and it required typically less than 30 iterations. We also tried a widely distributed set of fixed starting points (b = 15, 20, 25 and c = 1.5, 3.5, 5.5 ), but the result was unsatisfactory. In this case, the solution was almost always symmetrical (c approximately 4), and thus, the solved distributions did not fit the typically skewed distributions for spruce and birch. According to Pukkala et al. (2010) , the same simplex method worked well for the 3-parameter Weibull distribution, but they found difficulties with Johnson's SB distribution, which had one more parameter to solve. In our study, the 2-parameter Weibull function was useful in reducing the number of decision variables (e.g., Bare and Opalach 1987) . In certain instances, the 2-parameter Weibull distribution had performed even better than the 3-parameter Weibull function (Maltamo et al. 1995) . The third parameter is typically for the minimum diameter. In this study, it was not needed because of the truncation according to the minimum pulpwood dimensions by tree species.
If the empirical distribution is bimodal, then the unimodal Weibull distribution is no longer the optimal option (e.g., the distribution for spruce in stand no. 5 in Fig. 1) . Liu et al. (2002) represented a finite mixture model, which combined two Weibull distributions to achieve a bimodal structure. This method can offer an option if the assortment volumes are considerably erroneous when using only one unimodal Weibull distribution. However, the finite mixture model for two 2-parameter Weibull functions has five parameters to be solved, which might be a challenging task. Our optimization method held on to the original smooth form of the Weibull function from the truncation point on (Figs. 1, 2 and 3) . The calibration estimation (Deville and Särndal 1992) does not stick out for a continuous smooth distribution. Instead, it can provide a two-mode or even multimodal distribution (creating peaks and/or hollows) as a solution when starting with the predicted Weibull distribution (Kangas and Maltamo 2000b; Kangas and Maltamo 2003) . Even if the optimized Weibull distributions for pine had typically excess kurtosis, the generated pulpwood volume and especially the saw log volume were still accurate against the harvester data.
We need a prediction for the tree height to calculate the total and assortment volume for each tree. Näslund's (1936) height curve has proved to be a good option among several two-or three-parameter height curves (see Mehtätalo et al. 2015) . Among the validated stand characteristics, we found the highest bias in the mean height when using the models by Siipilehto and Kangas (2015) . Thus, the height model might need calibration (Lappi 1991; Eerikäinen 2009 ). Siipilehto and Kangas (2015) showed that predicting the tree height was especially challenging when the input variables were assortment volumes instead of common stand characteristics, and therefore, they gave an example of calibrating the tree height using 1-5 measured sample trees. If it is possible to calibrate the height model during the harvest of the stand, the applied method can be still improved. For example, Uusitalo et al. (2006) tested an application for estimating the dbh distribution during harvest. The bias in tree height can be partly the result of the model for the missing tree tops in our STM data set. According to Varjo (1995) , these models were reliable as long as the last cut diameter was below 10 cm. Holopainen et al. (2010) used successfully Varjo's (1995) model. Siipilehto et al. (2016) noticed some especially large tree height estimates due to the last cut diameter being beyond 10 cm in the used harvester data. Optionally, total tree height (including stump) imputation for STM data could be done by fitting Laasasenaho's (1982) taper curve (Räsänen et al. 1998; Malinen et al. 2014) . Note that possible errors in stump height may also have an effect on tree height and on saw log recovery (see Korhonen et al. 2008) .
The known assortment volumes were generated with satisfactory accuracy from the solved Weibull distribution, if the input variables were accurate. Thus, the presented method itself can be regarded as reliable. However, the reliability of the method in practice is highly dependent on the quality of the information available from the stand prior to clear-cutting.
The case study with the practical data of timber trade contracts showed that the converged solution for the Weibull distribution parameters could be found even if the input data was not accurate. The solved distribution could produce the saw log volume of the timber trade quite accurately regardless of the applied saw log reduction percentage. Simultaneously, the accuracy in the pulpwood volume was unsatisfactory. However, the inaccuracy in the pulpwood volume was only partly due to its visually assessed value in timber trade contracts. As can be seen in Table 3 , the saw log and pulpwood volumes were both only slightly biased for pine and spruce (1-13%). The main reason for the inaccurate pulpwood volume was simply the overestimated average merchantable stem size, which in turn resulted in clear underestimation of the number of harvested trees (31-61%). The underestimation of the stem number made it impossible to generate the input assortment volumes. Thus, typically wide and skewed distributions for spruce and birch were given a bell-shaped distribution, which resulted in a significant lack-of-fit. We determined that the error in the estimated stem number was highly correlated with the lack-of-fit, i.e., with the KS statistics or error index (EI). When saw log reduction was used, the combination of assortment volume and number of cut trees became more relevant. Indeed, the optimized Weibull distribution was able to provide the input assortments much more precisely using saw log reduction. Finally, the compatibility between the timber trade input and model output was better the higher the saw log reduction percentage was (Table 5) . Unfortunately, this improvement for pine was not realized when the distributions were analysed toward the real harvested distributions (Table 6) .
According to a case study with the practical data of timber trade contracts, the average merchantable stem size was shown to be a bottleneck for successful fitting. The reason for difficulties was connected to decreasing or strongly right-skewed dbh distributions, which were common for spruce and birch in the data set used for validation. When the estimate for the harvested stem number is a clear underestimation, the sampled trees must be large enough to achieve the given assortment volumes. This circumstance, in turn, resulted in peaked distributions that included large trees. Thus, the typical decreasing or highly skewed distributions for spruce and birch were not provided by the model due to a 40-60% underestimation in the stem number. Finally, 24-29 distributions for spruce and 19-29 for birch out of 40 cases rejected the KS test. At best, when saw log reduction was not used for pine, 12 distributions (29%) out of 41 rejected the KS test. In our case, the goodness-of-fit tests using KS or EI showed compatible results. However, this finding is not necessarily always the situation. Indeed, Siipilehto et al. (2016) found differences between applied methods when ranking them according to alternative goodness-of-fit statistics. For this reason, it is recommended to apply several goodness-of-fit statistics (Reynolds et al. 1988; Cao 2004 ).
In conclusion, the results of the presented method were twofold. On the one hand, the method could provide the assortment volumes accurately while satisfying the goodness-of-fit to the harvested dbh distributions. On the other hand, the practical timber trade data showed such underestimation in the number of cut trees that the presented method could not provide satisfactory dbh distributions. Similar to the results with timber trade data, the recent studies of the optional pre-harvest inventory methods (e.g. SWFI, alternative ALS-based methods, Trestima) for clearcutting stands have shown considerable inaccuracy in species-specific volume characteristics or lack-of-fit in dbh distributions (Korhonen et al. 2008; Holopainen et al. 2010; Siipilehto et al. 2016) . Overall, the quality of the data is important for optimal decision making (Eid et al. 2004; Duvemo and Lämås 2006; Mäkinen et al. 2010; Mäkinen et al. 2012 ). As Holopainen et al. (2010) stated, operative pre-harvest measurements would require more accurate input data than the current methods. Additional field measurements (e.g., EMO method) help to capture the shape of the dbh distributions, especially the largest pines (see Siipilehto et al. 2016) . We believe that the estimation of timber trade variables could be helped, if the input assortment volumes and the average stem size have been converted to the harvestable number of stems already in the field. Or vice versa, it is possible to estimate the number of cut trees in the field, which is then converted to the average stem size required by the contract. Theoretically, the presented method can be used abroad as well, whenever the input data consists of pre-harvest assortment volumes and the average stem size and the minimum assortment diameters for bucking are known. Note that if the average stem size is not available, the presented method does not work. For such cases, we must determine other approaches, e.g., compose prediction models for the number of commercial stems from the assortment volumes or iteratively search for the optimal number of cut trees. Also, the additional ALS based inventory data could be useful e.g., when predicting the number of stems and the diameter-height relationship.
